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Abstract

Background Mental distress among retirees and older people is a severe public health challenge, and information
on new risk groups is needed. This study aims to identify subgroups of old-age retirees with varying associations
between low social support and mental distress by applying model-based recursive partitioning (MOB).

Methods We used the Helsinki Health Study follow-up survey data of old-age retired former municipal sector
employees of the City of Helsinki, Finland. Phase 1 data were collected in 2000-2002, when all participants were
employed, Phase 2 in 2007, Phase 3 in 2012, Phase 4 in 2017, and Phase 5 in 2022 (n=4,466, 81% women). Social sup-
port and covariates were measured at each Phase 1-5 and the outcome, mental distress (Depression Anxiety Stress
Scales [DASS-21]) was measured at a single occasion, during Phase 5. The three subscales and the common factor

of general distress were analysed separately. An approach rooted in computational statistics was used to investigate
risk factor heterogeneity in the association of low social support and mental distress. MOB combines decision trees
with regression analysis to identify subgroups with the most significant heterogeneity among risk factors.

Results Median (IQR) general distress score from DASS-21 was 5.7 (3.0, 9.0), while Social Support Questionnaire
number-score (SSON) was 1.5 (1.15, 2.05). The primary effect modifier for the association between social sup-

port and general distress was education (p <0.001). Those with high education had a different association of low
social support and general distress than those with low or medium education. Additionally, the subgroup with low
and medium education had a significant effect modification for age (p=0.01). For the association between low

social support and depressive symptoms, the moderating effect of education was dependent on gender, as men
with medium-high education had the weakest association, while for women with medium-high education the asso-
ciation was strongest.

Conclusions Our results suggest that stratification by sociodemographic variables is justifiable when investigating
risk factors of mental distress in old-age retirees. The incongruent association of low social support and depressive
symptoms in men with medium-high education compared to women with medium-high education is a promising
target for confirmatory research.
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Background

Population ageing is challenging health and social care
systems due to increasing the health burden in older peo-
ple [1]. Among the health problems, mental distress is
increasingly common.

The OECD estimates the costs of mental health prob-
lems at around 4% of GDP across the EU, which trans-
lates to around 600 billion euros per year [2]. At age
75+in 2014, 12.4% of women and 6.5% of men in the EU
had chronic depression [3]. Therefore, investigating the
determinants of mental distress among retirees is of great
importance. To improve mental health promotion and
prevention, it is necessary to have a better understand-
ing of potential subgroups and the heterogeneity of risk
factors. Many older people live alone, and loneliness and
isolation are linked to adverse health outcomes, includ-
ing even mortality [4, 5]. The importance of social risk
factors for the mental health of older people is particu-
larly highlighted [6], and they have been linked to both
depressive and anxiety symptoms [7].

Social support is an important risk factor preceding
depression and anxiety disorders in older adults [8, 9].
Low social support has been shown to form a multifac-
torial construct in relation to depression in older adults,
such as perceived social support, structure of the social
network or as tangible help [10]. Previous studies have
shown that perceived social support is especially robust
determinant of depression in older adults [10]. Addition-
ally, low social support has been shown to be associated
with anxiety disorders in older adults [8, 9] and thus
further examination of its role in older people’s mental
health is needed.

Previous studies have also found effect modifica-
tions for the risk factors for mental distress. On the one
hand, among older men with physical limitations who
desire greater independence, social support may have a
weaker contribution to depressive symptoms [8]. On the
other hand, in a cross-sectional, nationally representative
Swedish sample, older men in the high-risk group showed
a stronger association between low social support and
depressive symptoms than women [11]. At higher levels
of education, the association between social isolation and
mental health symptoms has been shown to be stronger
than at lower levels of education, indicating that educa-
tion has a plausible moderating effect on the social risk
factors for mental distress [12]. Older adults who are not
married or cohabiting have shown higher rates of anxi-
ety disorders even when adjusting for confounders [13].

There is, however, conflicting evidence between longi-
tudinal and cross-sectional studies about potential gen-
der differences in the associations of low social support
from the spouse and depression. Longitudinal studies
have shown evidence for the protective contribution of
spousal support, especially for men, while cross-sectional
studies have highlighted the importance for men and
women, implicating potential benefits of further explora-
tory research on the topic [14]. Psychiatric frameworks
for mood disorders emphasize the multiplicative effects
of risk factors, demonstrating the advantage of using
exploratory methods that focus on finding new poten-
tial interaction effects [15]. Along with these previously
known effect modifications, using sociodemographic
variables like gender, marital status, age, and education
as effect modifiers enables the arrangement of actionable
subpopulations [16]. In prior studies with the HHS (Hel-
sinki Health Study) cohort, women have shown higher
rates of mental health symptoms [17]. Taken together,
the existing literature supports using common sociode-
mographic variables in exploratory subgroup analysis for
the association between low social support and mental
distress.

Preliminary research has shown insight by applying
model-based recursive partitioning (MOB) for subgroup
analysis in epidemiological studies with different designs
and outcomes, indicating a promising use for subgroup
discovery [16, 18—20]. MOB allows the potential dis-
covery of higher-order interaction effects while avoid-
ing prior specification of numerous interaction terms.
Furthermore, conventionally specifying subgroups as
higher-order interactions in a regression model becomes
problematic as the amount of interaction terms grows
large, presenting the problem of multiple comparisons.
Additionally, MOB has an open-source implementation
for the R statistical computing platform, which facilitates
the analyses and further makes replication of our study
more feasible for others. Comparing MOB to other simi-
lar techniques, the technique does not handle missing
data [21], but imputation is performed to work around
this limitation, as described further below. Comparing
MOB to other subgroup analysis techniques, MOB has
an advantage of simpler model interpretability over some
other techniques, a well-known feature of tree models
[21, 22]. MOB has not been previously used to study the
association between social support and mental health,
to identify new risk groups and heterogeneity in the
association.
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We thus examined the heterogeneity of the association
between low social support and mental distress among
old-age retired municipal sector employees of the City of
Helsinki, Finland. The longitudinal cohort has a follow-
up of more than 20 years. By using sociodemographic
variables as effect modifiers in the analysis, MOB allows
us to generate particular subgroups that are easy to inter-
pret and contribute to policy formulation.

Methods

Data

The data were derived from the Helsinki Health Study
(HHS) longitudinal cohort of current and former employ-
ees of the City of Helsinki, Finland [23]. The Phase 1 sur-
vey was mailed to employees reaching 40, 45, 50, 55, or
60 years of age during 2000, 2001, or 2002 (Fig. 1). Dur-
ing the Phase 5 survey in 2022, participants were 60 to
82 years old. The Phase 1 resulted in 8,960 participants
(response rate 67%). Follow-up surveys were conducted
in 2007 (Phase 2, response rate 83%), 2012 (Phase 3,
response rate 79%), 2017 (Phase 4, response rate 82%),
and 2022 (Phase 5, response rate 75%).

Target population
n=13,344

Page 3 of 10

For this study, only participants who had started their
old-age retirement before Phase 5 and answered at least
some of the questions in the 21-question variant of the
Depression Anxiety Stress Scales (DASS-21) question-
naires were included (n=4,466). Earlier non-response
analysis has showed that the survey data are broadly rep-
resentative of the target population [24].

Low social support

Low social support was operationalized by using a modi-
fied version of the number score (SSQN) of the Social
Support Questionnaire (SSQ) [25], which measures the
perceived quantity of social support contacts [26]. The
questionnaire includes four of the 27 items from the orig-
inal questionnaire, with the following wording in Finn-
ish or Swedish: "Whom can you really count on to help
you feel more relaxed when you are under pressure or
tension?”, "Whom can you really count on to care about
you regardless of what is happening to you?; "Whom
can you really count on to help you feel better when you
are feeling generally down-in-the-dumps?” and “From
whom do you get practical help when you need it?”. For

Lack of response from 4,384 participants

\ 4

Response to phase 1 survey, 2000-2002
n=8,960

»{ 3,010 participants dropped out

Response to phase 5 survey, 2022
n=>5,945

57 participants did not answer any DASS-21 questions

\ 4

DASS-21 response obtained
n=>5,888

1,422 participants had not started old-age retirement yet

Final study sample
n=4,466

Fig. 1 Flowchart of the participant inclusion process from the Helsinki Health Study, 2000-2022
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each item, the participants were able to choose either
“nobody” (zero score for the item) or one or more of the
six categories of social contacts: A partner, a next of kin,
a close friend, a co-worker or a supervisor, a neighbour,
or another relative. Participants were able to choose each
category only once. SSQN score was calculated by com-
puting the mean of the number of contacts for the four
items, and further aggregated by calculating the mean
of the five study phases. The short four-item variant was
used to reduce non-response bias, as the survey was
lengthy and not planned to solely study social support
and mental health but broad social and health-related
questions.

The original version of SSQN has been shown to pos-
sess adequate test—retest reliability, factor validity, pre-
dictive validity, and concurrent validity [27]. SSQN
measures the perceived quantity of social support, thus
leaving out qualitative aspects of the construct.

To further evaluate the reliability and validity of the
SSQN score within the modified SSQ instrument, we
investigated the psychometric properties of the meas-
ure (please see the Supplementary Material, Table S1—
Table S5). The SSQ item internal consistency was
quantified with Cronbach’s alpha, (¢=0.90). The SSQ
item intercorrelation matrix showed moderate cor-
relation (Pearson’s r) between the items, as expected
(Table S3). Individual frequencies for the items are dis-
played in Table S4, with no signs of the ceiling effect issue
described with some SSQ variants. Finally, a regression
analysis was conducted with other health-related qual-
ity of life outcomes to additionally evaluate the validity of
the SSQ variant (Table S5).

Mental distress
Mental distress was measured at Phase 5 in 2022 with
the Depression Anxiety Stress Scales (DASS-21) with a
common factor measure of general distress in addition to
the three specific factors: Depression, anxiety, and stress
[28]. The DASS-21 scales are not designed for psychiatric
diagnosis, but they are found to correlate with the DSM-5
mood disorder and anxiety disorder symptoms over the
past week. The DASS-21 depression scale has shown a
high correlation (r=0.79) [29] with the Beck Depression
Inventory (BDI) [30]. Beck Anxiety Inventory (BAI) [31]
correlation with DASS-21 anxiety scale was also high
(r=0.85). State-Trait Anxiety Inventory trait-scale [32]
correlation with stress scale was moderate (r=0.68) [29].
It was demonstrated in a systematic review of psy-
chometric studies regarding DASS-21 that there is
high-quality evidence that DASS-21 results typi-
cally have sufficient structural validity for a bifactor
model [33]. Additionally, moderate-quality evidence
is reported for sufficient content validity [33]. When
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evaluating DASS-21 against other similar measures,
sufficient convergent validity was demonstrated [33].
Known-groups validity as well was sufficient, indicating
that DASS-21 demonstrates adequate construct valid-
ity. The bifactor structure for DASS-21 was introduced
after the original publication of DASS-21. Addition-
ally, a study conducted in eight countries showed a bet-
ter fit for the bifactor structure, demonstrating more
consistent replication across cultures compared to the
original three-factor structure [34]. A validation study
of the bifactorial structure of DASS-21 is ongoing with
this cohort of Finnish-speaking adults [unpublished].
Normative data from an Australian cohort with similar
demographic characteristics were used to standardize
the DASS-21 dimensions [35].

Effect modifiers

Gender, age, marital status, and education were used
as control variables and effect modifiers to form dis-
tinctive subgroups. Gender was self-reported with a
binary question in Phase 1 during 2000-2002 (men vs.
women).

Due to the stratified sampling of the data set, age
was dichotomized into two categories as 60-72 and
73-82-year-olds. The first category mirrors the partici-
pants reaching 40, 45, and 50 years at Phase 1, while the
second category mirrors employees reaching 55 and 60
years during Phase 1. The youngest age cluster (reaching
40 years of age during 2000—2002) was almost completely
dropped from the study due to not reaching old-age
retirements yet. In total, 1,422 participants were not yet
on old-age retirement and were excluded from the study
(Fig. 1).

Marital status was assessed in 2022, divided into three
categories: Married, cohabiting or in a registered partner-
ship; divorced, separated, or widowed; and unmarried.
The Phase 5 marital status was chosen, as marital status
may change during the follow-up, and marital status at
Phase 5 is likely to be most closely linked to the outcome
due to possible relevant changes in marital status of older
adults, such as loss of a spouse.

Educational level was assessed only at Phase 1 and
was categorised into three levels: High: Tertiary educa-
tion (university degree or similar), Medium: Secondary
education except vocational education (matriculation
examination and college examination), Low: Compulsory
education or vocational education. This categorisation
groups similar levels of education together while distin-
guishing between different levels of education. Based on
previous studies conducted using the same cohort, this
categorisation predicts various health outcomes in line
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with the previous body of research and thus successfully
operationalises educational attainment [36, 37].

Missing data

Missing data were imputed using the R software pack-
age mice implementing multivariate imputation by the
chained equations technique [38]. Altogether, 57 par-
ticipants with completely empty DASS-21 questionnaires
were excluded from the study. 296 participants answered
at least one DASS-21 question, but not all, and were
imputed. 24.7% of social support responses were partially
or completely missing. The frequency of non-response
for individual SSQ items is further detailed in Table S1,
while the proportion of imputed data is clarified in
Table S2 in the Supplementary Material. 1% of education
responses and 2% of marital status responses were miss-
ing. Missing data were imputed using relevant modelling
for each variable, such that variables with repeated meas-
ures were imputed with a random effects model with ran-
dom intercepts.

Statistical analysis

Risk factor heterogeneity was investigated with model-
based recursive partitioning (MOB), an exploratory
method integrating decision tree learning with regression
analysis [16, 22].

MOB operates in an iterative fashion, partitioning the
full sample into further subgroups by the following steps:
(1) The given linear regression model is fitted to the data-
set, and the candidate effect modifiers (partitioning vari-
ables) are specified for creating the subgroups. (2) Each
effect modifier is tested for overall parameter instability.
In other words, if the two resulting regression models dif-
fer significantly after division, instability is found. (3) If
there is overall instability, the dataset is split with respect
to the variable associated with the highest instability. (4)
The procedure is repeated for each of the resulting sub-
groups until no more instability is found [22].

Thus, the procedure yields subgroups which can be
graphically depicted as a tree, where the topmost split
is the primary effect modifier, and further splits repre-
sent recursively the subsequent less important effect
modifiers. Compared with a conventional decision tree
approach which does not incorporate regression analy-
sis, MOB has the advantage of providing adequate inter-
pretability of risk factor associations with the outcome
variables [39]. Compared with traditional regression
methods with a priori interaction term specification,
MOB provides a more parsimonious approach for inter-
action effect discovery, since fewer comparisons are
required, especially for higher-order interactions. A vari-
ant of the MOB method, PALM tree (Partially Additive
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[Generalized] Linear Model Trees), was utilized to ena-
ble adjustment of the sociodemographic variables [40].
PALM trees implement global additive effects, which
can be utilized to control for variables across the result-
ing subgroups. Tree size was limited by using a signifi-
cance level of 1.0 (alpha parameter) and maximum depth
of three (maxdepth parameter) for all subtrees, which
should be appropriate for our exploratory analysis. This
enables us to avoid very deep trees with small subgroups
and excessively higher-order interactions, as maxdepth of
three will limit them to three-way interactions.

The computational model was applied to the general
distress factor and the three DASS-21-dimensions, using
the same effect modifiers.

Analyses were performed in the R environment for sta-
tistical computing, using the palmtree software package
(R version 4.1.3, palmtree version 0.9.1) [41].

Results

Characteristics of the study population

Table 1 displays characteristics of the study population.
The majority (over 80%) were women, reflecting the
female dominance of municipal sector workers. Some
45% of the participants were 73 years old or older, most

Table 1 Descriptive characteristics of the Helsinki Health Study
participants 2000-2022

Characteristic N=4,4662
Gender

Women 3,627 (81%)

Men 839 (19%)
Age (years, 2022)

60-72 2,477 (55%)

73-82 1,989 (45%)
Marital status (2022)

Unmarried 456 (10%)

Married or cohabiting 2,516 (58%)

Divorced or separated 1,390 (32%)
Education (2000-2002)

Low 1,747 (39%)

Medium 1,360 (31%)

High 1,322 (30%)
Social support score (SSQN€, from 2000 until 2022), 1.50(1.15, 2.05)
median (IQR)
DASS-21° General distress score, median (IQR) 5.7 (3.0,9.0)
DASS-21 Depression score, median (IQR) 4(2,10)
DASS-21 Anxiety score, median (IQR) 4(2,6)
DASS-21 Stress score, median (IQR) 6(2,10)

2 n (%); Median (IQR)
b DASS-21: Depression Anxiety Stress Scales
€ SSQN: The Social Support Questionnaire
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(around 60%) were married or cohabiting and had low or
medium education.

DASS-21 doubled mean (SD) scores were 5.97 (5.57)
for general distress 6.39 (7.12) for depression, 4.90 (5.42)
for anxiety and 6.86 (6.50) for stress. Depression and anx-
iety scales were to some degree higher, while stress scale
was somewhat lower compared to other populations with
similar demographics [35].

DASS-21 scales had zero score for 6.8% of participants
for general distress, 22.9% for depression, 22.4% for anxi-
ety and 19.3% for stress, implying no symptoms for the
given dimension over the past week.

Variable selection for DASS-21 effect modifiers

The tree is interpreted as a demographic division of sub-
groups, so that the topmost root node represents the
full sample, while each child node represents a subgroup
from their parent node. As the partitioning variables are
chosen from a set of candidate variables with numerous
tests, Bonferroni adjustment is used to mitigate the prob-
lem of multiple comparisons. The p-values compare two
models fitted for the given subgroups, i.e., the equality for
the given intercept and beta coefficient estimate for low
social support.

For the general distress model, education is selected as
the primary effect modifier, dividing the full sample into
a low/medium education subgroup(non-tertiary educa-
tion) and a high education subgroup (tertiary education).
The anxiety model has less older retirees and older retir-
ees in the first root partition. Depression and stress mod-
els have gender as the primary effect modifier (Fig. 2).

In the general distress model, more risk factor hetero-
geneity is detected compared to other models: In addi-
tion to the primary effect modifier of education, age is
also a statistically significant effect modifier in the low
and medium education subgroup.

Risk factor estimates for mental distress

The coefficient estimates and confidence intervals for the
associations between low social support and the men-
tal distress dimensions are presented in Table 2. Even
though the general distress model has two significant
effect modifiers, education and age, the associations are
fairly similar in all subgroups. In contrast, in the depres-
sion model the associations are notably heterogeneous,
as men with medium and high education have the weak-
est association, while women with medium and high
education have the strongest association. In the anxiety
model, the participants with 73—82 years of age with low
education have a stronger association, however the con-
fidence intervals are large. Similarly, in the stress model
men of 73-82 years of age have a stronger association,
but the confidence interval is large.
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Discussion

Main findings

Our study sought to produce new information about the
role of social support in mental distress among old-age
retired municipal sector employees applying a computa-
tional approach and examining several effect modifiers
and higher-order interactions. Our findings highlight
that gender, education and age are potential effect modi-
fiers in the association of low social support and men-
tal distress in old-age retirees. The model for depressive
symptoms showed interactions for different educational
levels, and education was the primary social support
effect modifier for general distress. When education
was medium or high, retired men showed notably weak
association while retired women showed strong associa-
tion of low social support and depressive symptoms.

Interpretation

Our results are not directly comparable to previous stud-
ies on social support and mental distress, mainly due to
different methodology as well as potential age, period,
and cohort effects. Nonetheless, in cautious comparisons
to earlier cohorts of older adults, our participants appear
to have higher depression and anxiety scores, while
stress scale scores were lower [35]. A possible explana-
tion for these differences is that the scores reflect reduced
work-related stress due to the retirement status of the
participants. Previous studies have not used a similar
computational approach (MOB) when examining the role
of social support to mental health of older adults, or in
any age group. Thus, confirmatory research is warranted
before application of our results, although they verify the
significance of low social support to mental distress in
line with previous evidence [8, 9].

An advantage of the use of MOB is that it helps iden-
tify subgroups with heterogeneous associations for low
social support. More specifically, examining effect modi-
fication using gender, age, marital status, and educa-
tion provided new information and identified high-risk
groups for potential intervention. While previous stud-
ies have shown that these sociodemographic variables
act as effect modifiers in the association between social
support and mental distress [12], our approach helped
provide more in-depth and new information on the role
of education and gender, suggesting higher-order inter-
actions. Thus, the association between low social sup-
port and depressive symptom severity was different for
women and men with the same level of education, with
the association being strong for women with medium—
high education but weak for men with medium-high
education. In other words, with the exploratory approach
inferring these subgroups with the most heterogene-
ous associations between low social support and mental
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A: General distress
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Full sample
p < 0.001

Low and medium education

High education

p = 0.01 p = 0.48
Subgroup 1 Subgroup 2 Subgroup 3 Subgroup 4
60 - 72 year old 73 - 82 year old 60 - 72 year old 73 - 82 year old
n=1,764 n=1,373 n=713 n==0616
B: Depression
Full sample
p < 0.001
Men
p = 0.142
Subgroup 1 Subgroup 2 Subgroup 3 Subgroup 4
Low education Medium and high education Low education Medium and high education
n = 301 n =538 n = 1,460 n=2,167
C: Anxiety

Full sample
p = 0.031

N

60 - 72 year old 73 - 82 year old
p = 0.969 p = 0.852
Subgroup 1 Subgroup 2 Subgroup 3 Subgroup 4
Low and medium education High education Low education Medium and high education
n=1,764 n=713 n = 853 n=1,136
D: Stress
Full sample
p < 0.001
Men Women
p = 0.827 p = 0.998
Subgroup 1 Subgroup 2 Subgroup 3 Subgroup 4
60 - 72 year old 73 - 82 year old Low education Medium and high education
n =420 n =419 n = 1,460 n=2,167

Fig. 2 Model-based recursive partitioning (MOB)-trees of Depression Anxiety Stress Scales (DASS-21) for low social support, Helsinki Health Study
(n=4,466). The p-values represent the significance for difference between the two models with varying subgroups of people
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Table 2 Estimates and 95% confidence intervals for z-score change in Depression Anxiety Stress Scales (DASS-21) dimensions for each

decrease in social support score among old-age retirees (n =4,466)

Subgroup Coefficient estimate 95% Cl
General distress?
1: Low and medium education, 60-72 years of age 0.16 (0.12,0.20)
2:Low and medium education, 73-82 years of age 0.15 (0.09, 0.20)
3: High education, 60-72 years of age 0.16 (0.10,0.23)
4: High education, 73-82 years of age 0.19 (0.11,0.26)
Depression?
1: Men, low education 017 (0.02,0.32)
2: Men, medium and high education 0.08 (-0.02,0.17)
3:Women, low education 0.12 (0.05,0.18)
4:Women, medium and high education 0.20 (0.15,0.24)
Anxiety?
1:60-72 years of age, low and medium education 0.14 (0.09,0.19)
2:60-72 years of age, high education 0.10 (0.02,0.17)
3:73-82 years of age, low education 0.20 (0.11,0.30)
4:73-82 years of age, medium and high education 0.12 (0.06,0.19)
Stress model®
1: Men, 60-72 years of age 0.13 (0.02,0.24)
2:Men, 73-82 years of age 0.23 (0.11,0.35)
3:Women, low education 0.13 (0.06,0.19)
4:Women, medium and high education 0.16 (0.11,0.20)

@ All models adjusted for gender, age, education, and marital status

distress, this approach produced a more detailed picture
of the association. Comparing our results to similar stud-
ies with younger populations, a study with 32-year-old
participants revealed a significant three-way interaction
with gender, socioeconomic status and social support for
the risk of depression. Among women, the effect of dis-
satisfaction with social support on the risk of depression
was stronger in the manual than the non-manual class.
This discrepancy with our results is possibly explained by
age-specific differences in the phenomenon, or the dif-
ferences in study design and measures [42]. These results
suggest that merely adjusting for gender is insufficient
when examining the associations between social support
and mental health, or potentially other health outcomes
among older people. The same approach can also be
applied among younger people, and it could help identify
new risk groups for earlier detection and intervention.

Finally, since there are apparent differences and higher-
order interactions in the associations between social
support and mental health, the disparities call for more
careful consideration of gender and other effect modifiers
in future studies, instead of assuming any uniform asso-
ciations between risk factors and health outcomes.

This study additionally highlights the importance of
considering differences between older adults of varying
ages. The risk factor disparities are potentially shaped

by differences in health conditions between recently
retired and retirees approaching the final stages of their
life course. As retirees age, they are increasingly likely to
have cumulative health problems associated with ageing.

Limitations and strengths

A key limitation is that we only had the DASS-21 meas-
urement in the fifth study phase. Therefore, a random
effects model, frequently used with longitudinal data,
could not be applied in the main analysis, even though
MOB is suitable for such modelling. Our study data set
had a skewed gender distribution reflecting the target
population [43]. Similarly, our sample excluded peo-
ple outside the labour force at the study inclusion. The
potentially conservative Bonferroni correction of the
analysis is another possible limitation, increasing the
risk of false negative errors for the tree model. Also, the
confidence intervals of the estimates in Table 2 should
be interpreted with caution due to the uncertainty in the
statistical validity of the confidence intervals inferred
after applying model selection through splitting into sub-
groups [16]. Finally, the chosen method produced one
tree model which can be justified, however, it needs to be
acknowledged that also other partitionings would have
been possible.
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A main strength of our study is the longitudinal study
setting providing temporal sequence of changes, we thus
had a follow-up of the same participants over a period of
more than two decades and had measured social support
identically in altogether five phases 2000—2022. Moreo-
ver, the outcome variable we used is validated and has
been used in numerous previous studies. We also con-
ducted validation of the social support measure used in
this study (Supplementary Material, Table S1-Table S5).
The results suggested that our measure possesses ade-
quate psychometric properties in line with other brief
SSQ variants. The data are large, which enabled address-
ing effect modifiers and higher order interactions, and
applying a computational approach to provide new
hypotheses and identify new risk groups in the research
area. The retention of study participants was good
throughout the study.

Conclusions

Utilizing computational methods that provide automatic
interaction discovery can be helpful when the studied
question involves potential higher-order interaction
effects. MOB, along with other exploratory methods,
provide an adequate technique for subgroup analysis for
observational epidemiology.

Our results suggest that among Finnish old-age retired
municipal sector employees, low social support is a par-
ticularly critical risk factor for prevention and interven-
tion among women with medium-high education. For
studies investigating social support, stratification by gen-
der and education or specifying higher-order interaction
terms of these variables may provide valuable findings,
confirming high-risk groups for policy implications and
interventions.
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